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Abstract  

The paper empirically contributes to help airlines and travel agencies to analyses the 

online and offline data of their customers to target customers more personally during 

marketing and promotion campaigns. Big data and analysis tools are used in an 

attempt to make predictions on customer behavior. 
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Introduction 

 

A key factor in the success of any airlines and travel agencies are the customer 

happiness index and travel service providers are no exception to this rule (Harteveldt 

and Henry 2012). The key differentiator which can help a service provider stand out is 

the quality of customer experience that it can offer. By combining customer 

interaction footprints through all the channels, a travel company can get a 360 degree 

view of its customers (Davenport and Thomas 2013). This comprehensive knowledge 

can help the travel company make offers better suited for its customers, provide 

additional services particular to the customers which can increase customers delight or 

simply make a kind gesture which can touch its customers. All these actions go a long 

way in ensuring that customers remain loyal to travel company. Over the last year or 

so, major travel companies have started to make a lot more noise about the value of 

personalizing the passenger experience. The likes of Delta, Emirates, British Airways, 

Iberia, KLM and Alaska have already armed their cabin crew with tablets and other 

handheld devices to ensure they are informed of passenger preferences and well 

equipped to push ancillary sales. Expect to see a number of other airlines embrace 
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tablets to empower staff and offer a more personal service to their customers over the 

next 12 months. In 2013, Delta Air Lines equipped 19,000 flight attendants with 

Windows Phone 8 handheld devices, which make it easier for passengers to buy 

ancillary items onboard. Expect to see more of the same from other major airlines in 

2014 (Ryan 2014). Today travel providers have a vast amount of data about every step 

that their customers take during the travel cycle; especially travel companies take 

control of big data about their customers. But the main challenge which they face is 

how to convert this data into value for customers. The solution to this challenge will 

open up immense opportunities for all – the customers, the travel companies and the 

solution providers. In table 1 describe how and where the customer, leaves footprints 

during a typical travel life cycle. 

 

Table 1 –Travel Life Cycle and Amount of Data (to the degree of petabytes) 

Travel life cycle phase  How customer generates data?  Where that data is found?  

Searching: This phase is usually 

applicable in case of leisure travelers. 

In this phase the customer is searching 

where he wants to travel.  

Browsing through travel 

service provider‘s website, 

traversing through OTA sites, 

clicking on ads on social 

media sites, using marketing 

promotions, using travel 

search sites, online searching  

Online travel agencies 

logs, social media sites 

like facebook, travel 

service provider’s 

analytical logs, travel 

search site logs, Google 

web logs  

Planning: Now he is planning various 

details of his travel, like, mode of 

transport to the destination, what kind 

of accommodation will he take, what 

mode of transportation will he use at 

the destination, places he would like to 

see, restaurants he would like to eat at 

etc.  

Calling up the call centers, 

browsing OTA sites, surfing 

websites of travel service 

providers, reading other 

travelers‘ experiences on 

social media sites and blogs, 

surfing through travel review 

sites such as Tripadvisor  

Call center logs, OTA 

web analytics logs, travel 

review sites database, 

social media sites and 

blog sites analytical 

databases, Google 

internet search database  

Booking: After the traveler has 

planned his trip the next step would be 

to make all the necessary bookings 

like flight, hotel, transportation, tourist 

attraction sites.  

Travel service provider‘s 

website/call center/social 

media page/on property, travel 

agency, OTA  

Travel service provider‘s 

web database, call center 

logs, social media 

database, OTA database, 

travel agency database  

Experiencing: In this stage the traveler 

is using the travel services i.e. he is 

flying through the airline he booked, 

staying in the hotel, driving the car he 

rented.  

Traveler‘s on property 

feedback, complaints 

registered via call centers, his 

movements, time spent on the 

service  

Feedback logs, feedback 

with employees, 

location/movement 

database  

Sharing: After the traveler has 

completed his travel, he goes on and 

shares his experience with his own and 

outside network.  

Word of mouth, writing blogs, 

sharing experience on social 

media sites, travel review sites  

Social media database, 

user‘s web profile 

database, travel review 

sites‘ databases  
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Multi-Channels Intelligence Customer Marketing Platform 

 

The problem only gets worse as new channels proliferate and customers expect 

consistent, targeted treatment across all channels (JACK 2013). There’s a practical 

solution: build an integrated layer that connects the systems. They identify records 

relating to the same individual to produce a single customer view. It further enhances 

the customer profile with external data, segment codes, and recommended treatments. 

The results are available to execution systems to use for personalization, offer and 

program selection, campaign execution, In-Flight services and other purposes. The 

same data is also available for results reporting and other types of analysis. In big data 

time, this is changing. Travel providers and solution providers cooperate with each 

other. They set up Multi-Channels Intelligence Customer Marketing Platform. Figure 

1 presents platform overview that shows how actionable insights can be derived out of 

big data. The Platform has the following capabilities:  

 

 

Figure 1 –Multi-Channels Intelligence Customer Marketing Platform 

 

a) Accept data from any source system. This includes traditional, structured data 

such as purchase transactions right through to unstructured data such as web log 

files and contact center notes. The Platform has an opt-in option to gather external 

data sources to enrich customer profile.  

b) Allow access by external systems. Upon request, the platform provides an 

Application Program Interface (API) that lets systems read its data during 

customer interactions.  

c) Associate different identifiers for the same individual. The Platform can chain 

together multiple identifiers: so if a Web system captures an email address and 

cookie ID, and the contact center captures email address and phone number, the 

system recognizes that the phone number, cookie ID, and email address all belong 

to the same person.  

d) Customer segmentation and customer behavior. Behavioral segments can be 

created based on the aggregated customer data to combine transactional sights 

with shopping behaviors and social signals.  

e) Personalization and prediction. The Platform provides recommendations for 



4 
 

customer treatments. The recommendations control which offers are considered 

and how they are prioritized and captures whether the recommended offer was 

actually presented and if it was accepted. This is controlled through an interface 

that is accessible to non-technical users and captures whether the recommended 

offer was actually presented and if it was accepted. The information is used in 

reporting and to help the system make more accurate recommendations.  

Table 2 gives few examples of the sources of structured and unstructured data, 

technologies and products that can be used for the different stages in the Big Data 

platform. 

 

Table 2 –Different stages in Multi-Channels Intelligence Customer Marketing Platform 

Platform Component  Source/Products/Technologies  

Collect 

data 

Structured Data  CRM data, Reservation system, Call center logs, ERP, Website 

logs,  

Unstructured 

Data  

Social media sites, blogs, Location data, Browsing behavior, 

Mobile data, Website content, Enterprise data not recorded in 

CRM or ERP, customer- employee interaction data, Weather 

data, News, Reviews etc.  

Process data & Query data 

(Technologies)  

Hadoop (HDFS, Mapreduce), Cassandra, Hbase, Hive, 

Cognos, Hyperion  

Big Data Analytics  R, Sas, SiSense, Mahout, Datameer  

Monitor  Mondrian, JGraphX, mxGraph, JavaScript Inforvis, Excel  

 

Customer segmentation and customer behavior 

The choice behavior of passengers is a kind of consumption and purchase decisions 

for aviation services. Purpose of travel, the class, departure time, reservation ahead of 

time and many other factors may influence the buying behavior of the passengers 

(CHEN et al. 2006). Analysis and research of the passengers' choice behavior 

preference are extremely helpful for a series of route planning strategy, such as the 

network structure design, schedule, pricing and revenue management. This supports 

travel companies to better know their passengers' characteristics and requirements of 

buying choice, then understand the market and win the market (GU et al. 2012). 

Passenger segmentation is a key step to understand the aviation passenger choice 

behavior. This application introduces the latent class model to segment the airline 

passengers (Thorsten and Edlira 2008). 

Latent class model 

Latent class model was initially introduced by Lazars Feld and Henry as a way of 

formulating latent attitudinal variables from dichotomous survey items. In contrast to 

factor analysis, which posits continuous latent variables, latent class model assumes 

that the latent variable is categorical, and areas of application are more wide-ranging 

(Haughton et al. 2009). The analysis results four group of the target customers:(a) 

Value Seekers, accounting for 15% of the total number of customers, are the most 

young, shortest time of banking services use; (b)Conservative Savers, accounting for 

35% of the total number of customers, are the oldest; (c) Mainstreamers, accounts for 
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40% of the total number of customers; (d)Investors, accounts for only 10% of the total 

number of customers, while it accounts for the 30% of total bank deposits, which 

makes they become the most important customers (Zhou 2011). Clustering results also 

show the satisfaction of the fourth group customers is the lowest. Therefore, we find 

the potential crisis of bank, and the way to rescue the crisis, that is improving the 

satisfaction of the smallest percentage customer. For further data collection and 

analysis of customer dissatisfaction, the bank will soon make their strategies to 

improve customer satisfaction. 

Segmentation 

A. Data description 

a) ord_cus_type: customers type, 1: group bookings 2:not group bookings 

b) Far_Menid : Passenger type,1: adult，2: child，3:baby 

c) SAL_TYPE：sail type：1: one way 2: round trip 3：others; 

d) FLT_BERTHNAME：The class rank, 1: economy class, 2: non-economy class 

DAY_BETWEEN_BOOKING_FLY：the time between booking and departure 

time, 1：>3days，2：< 3days 

e) DAY_ISWEEK：departure time is weekend or not, 1:yes 2:no 

f) DAY_ISMOR：departure time is morning or not, 1:yes 2:no 

B. Model selection  

We fit seven latent class models from 2 to 8 in order to choose suitable latent 

class model. The seven latent class models’ fitting results are showed in table 3. From 

table 3, we choose the number of latent classes to be 4, which meets the requirements 

of data fitting, (AIC=2924670，BIC=2925192，
2 =1516.4，

2G  =2338.0). And the 

BIC is the minimal in this model, and with the category number increases, the number 

of parameters increases and the model goodness of fitting improvement is very small. 

Thus, we choose the four clusters latent class model. Table 4 shows the prior 

probability of categories with different values in the entire database. 

 

Table 3 –Classification evaluation 

Class Estimated 

parameters number 

AIC BIC 2X  
2G  

2 23 2947640 2947895 24534.7 25288 

3 35 2926248 2926637 3118.6 3297.7 

4 47 2924670 2925192 1516.4 2338.0 

  5 59 2925568 2926224 2390.94 2050.483 

6 71 2925543 2926332 2341.838 2113.723 

7     83 2924035 2924957 809.6316 1488.448 

8     95 2923873 2924928 623.3597 1066.483 

 

C. Results  

The probability value in table 3 is the probability of subject belonging to the t-th 

latent class whose value is i  in category A, denoted as P(K=i|X=t),the value set of K 

is {A,B,C,D,E,F}, the value set of i is{1,2,3}。 
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Table 4 –The probability of categories 

Categories value 1 value 2 value 3 

Num. Prob. Num. Prob. Num. Prob. 

A: ord_cus_type 6798 0.0138 486103 0.9862   

B: Far_Menid 439299 0.8913 30837 0.0626 22723 0.0461 

C: 

FLT_BERTHNAME 

480667 0.9752 12234 0.0248   

D: SAL_TYPE 402766 0.8171 84213 0.1709 5922 0.0120 

E: DAY BETWEEN 

BOOKING FLY 

238456 0.4838 254445 0.5162   

F: DAY_ISWEEK 140375 0.2848 352526 0.7152   

G: DAY_ISMOR 171677 0.3483 321224 0.6517   

 

In summary, we can describe the characteristics of each latent class below. 

a) Cluster 1, the orders are almost economy class, not group bookings and the 

time between booking and departure time is more than 3 days. Also, the 

proportion of children passengers is large and the proportion of sail type for 

round-trip is big. This type of passengers prefer to self-service travel. 

b) Cluster 2, all of the orders is not group bookings and the time between booking 

and departure time is almost less than 3 days. Also, the proportion of 

non-economic class is the largest in the four clusters and the sail type is one 

way. This type of passengers can be considered as Business travelers. 

c) Cluster 3, all of the orders is almost economic class, not group bookings and 

one way trip. There are some children passengers and the time between 

booking and departure time which is less than 3 days accounts for a proportion. 

This type of passengers can be considered as mixed type. 

d) Cluster 4, all the orders are economy class, almost round-trip and the time 

between booking and departure time is more than 3 days. This type of 

passengers can be considered as economic, leisure travelers with plan. 

D. Application 

The latent class model finds the potential classes in the data, and clusters them in 

the form of probability. With the segmentation of passengers, the travel companies 

will better understand their customers, and make more targeted marketing strategies 

for different passengers, then raise revenues. 

 

Table 5 –Latent class conditional probability and probability estimation 

 Categories  Cluster 1 Cluster 2 Cluster 3 Cluster 4 

A: ord_cus_type 
1 0.0000 0.0000 0.0001 0.2447 

2 1.0000 1.0000 0.9999 0.7553 

B: Far_Menid 
1 0.8296 0.9623 0.7971 0.9926 

2 0.1455 0.0251 0.0104 0.0071 

3 0.0249 0.0124 0.1925 0.0003 
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C: FLT_BERTHNAME 
1 0.9928 0.9515 0.9929 1.0000 

2 0.0072 0.0485 0.0071 0.0000 

D: SAL_TYPE 
1 0.6805 0.9646 0.9851 0.0000 

2 0.3078 0.0353 0.0149 0.8578 

3 0.0117 0.0001 0.0000 0.1422 

E: 

DAY_BETWEEN_BOOKING_FLY 

1 0.8691 0.0384 0.7422 0.8411 

2 0.1309 0.9616 0.2578 0.1589 

F: DAY_ISWEEK 
1 0.3165 0.2629 0.2779 0.2835 

2 0.6835 0.7371 0.7221 0.7165 

G: DAY_ISMOR 1 0.3781 0.2955 0.4105 0.3926 

2 0.6219 0.7045 0.5895 0.6074 

Latent class probability 
 0.4412 0.4931 0.0424 0.0232 

 

Personalization and Prediction 

With the increasingly fierce competition in the aviation market, domestic and foreign 

travel companies have shifted their attention to the customer relationship management. 

They have come to realize that customer resource is the most valuable for competition 

(Wang et al. 2008). Usually the passenger data are tremendous in the customer 

relationship management system. While, what the decision-makers matter most are 

which customer is active and valuable, also which customer will drop out and why 

they defect. This application will focus on the analysis of passengers' activity level, 

and predict how many times the passengers will travel in the future. These results 

could provide travel companies to make more effective customer relationship 

management. 

Pareto/NBD model 

The Pareto/NBD model was originally proposed by Schmittlein et al (1987). This 

model calculates customer activity level and predicts their future transactions based 

on their purchasing behavior. Pareto/NBD assumes that customers make purchases at 

any time with a steady rate for a period of time, and then they may drop out. While 

active, the repeat-buying rate   of customer behavior follows Poisson distribution. 

The transaction rate of different customers follows a gamma distribution ( , )  .   

is the shape parameter and  denoted the scale parameter. The dropout rate   

obeys exponential distribution. Heterogeneity in dropout rates across customers 

follows a gamma distribution ( , )s  .  s  Is the shape parameter and  denoted the 

scale parameter. The transaction rate   and the dropout rate   are independent 

across customers. The Pareto/NBD requires only each customer’s past purchasing 

history: “regency” (last transaction time) and “frequency” (how many transactions in 
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a specified time period). The information can be described as  , ,X x t T , where x is 

the number of transactions observed in the time period (0, T] and t  is the time of the 

last transaction. With these two key summary statistics, the Pareto/NBD model can 

derive  P active  , the probability of observing x  transactions in a time period of 

length t , and   | , ,E Y t X X t T  , the expected number of transactions in the 

period (T, T + t] for an individual with observed    , ,X x t T  (Fader et al. 2005). 

Simulation- Customer activity analysis using Pareto/NBD model 

A. Data description 

Three pieces of information were selected from the database where large 

passengers’ records stored.  

ORD_FAR.Far_Idnum：Customer id; ORD.Ord_Bok_Time：Booking time; 

ORD_CAS.CASH_TOTAL_TICKETPRICE：ticket price; 

We put the data from 2013-01-01 to 2013-06-30 into the Pareto/NBD model, and 

forecast the purchase number of each passenger in July and August, 2013. The 

Pareto/NBD model was implemented with R language. 

B. Results 

Figure 2 shows the passenger ID (or ID information, corresponding to each 

passenger) and his activity, predicted flying number (calculated by Pareto/NBD 

algorithm). Figure 3 shows a density distribution of the passengers' activity. We can 

find that the activity of most passengers is between {0.1, 0.2}. Table 6 lists the range 

of the passengers' activity. The total number of passengers is 202370. Based on the 

passengers' activity the number of flying times predicted, travel companies could 

make more effective marketing strategy for their customers. 

C. Application value 

With passenger activity and other conditions, travel companies could analyze the 

influence factors of activity degree which could be used to improve passenger activity. 

a) Customer segmentation could be done based on the passengers' activity 

degree. For example, customers could be divided into highly active, active 

and inactive. Then, travel companies can carry out targeted management. 

b) With the average spent of passengers and predicted flying number, travel 

companies could calculate the revenue of this passenger would bring to them 

and predict future returns. 

c) Combining passenger active degree with life cycle length, travel companies 

can calculate and estimate the customer lifetime value to allocate marketing 

resources and provide the basis for effective customer management. 
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Figure 2 –passenger ID and predicted flying number; passenger ID and activity 

 

 

Figure 3 –Density distribution of the passengers' activity 

 

Table 6 –The scope of activity and corresponding number of passengers 

The scope of activity 

P(Active) 

number of passengers The scope of activity 

P(Active) 

number of passengers 

[0,0.1] 8004 (0.5,0.6] 8337 

(0.1,0.2] 96269 (0.6,0.7] 5990 

(0.2,0.3] 31634 (0.7,0.8] 5722 

(0.3,0.4] 19538 (0.8,0.9] 6562 

(0.4,0.5] 10788 (0.9,1] 9526 

 

Conclusions and Future Research Agenda 

The paper represents a few of the many benefits that can be derived by analyzing and 

making this big data work in Multi-Channels Intelligence Customer Marketing 

Platform for travel companies.  

Customer segmentation and customer behavior: Gone are the days of profiling, 

when the customers were segregated into different categories and offers were made 

for a particular category. Present day customers are becoming more demanding and 

the competition is getting more difficult each day. To retain the loyalty of its 

customers a service provider needs to stitch an offer which meets their individual 

requirements, a truly personalized offer. In the future travel companies need to use of 

predictive analytics to identify the product of services the customers, based on their 
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past purchase behavior, are most likely to buy in their next purchase. In order to reach 

their customers at the right time, at the right place, through the right channel and most 

importantly with the right offer.  

Personalization and prediction: The major chunk of value from harnessing big 

data analytics can be derived by identifying the most profitable customers. Marketing 

efforts can be directed to capture their attention, the offers can be better suited for 

their needs, and efforts can be made to ensure their loyalty. This is more so important 

considering that cost of new acquisition is higher than the cost of retention. 

With Multi-Channels Intelligence Customer Marketing Platform businesses 

quickly understand the individual travel habits and preferences of every person 

entering the sales environment. Platform combines visitor and customer interactions 

across all channels from search to sale to create an individual customer profile, 

updated in real-time. After years of dithering, airlines and travel agencies are learning 

to use the wealth of customer data they collect. Their revenue will be generation 

through Cross-sell and Up-sell. 
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